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[ Abstract] Sequence recommendation utilizes user historical sequence’behavior to model user interests and provide
content recommendations, and is commonly employed in sectors such'as news, advertising, and e-commerce. Self-
supervised sequence recommendation based on contrastive learning is a current research hotspot. However, real
sequence data are dynamically uncertain, and sampling” biases exist in contrastive learning, which limit the
performance of recommendations. To mitigate these issués, this paper proposes a self-supervised sequence
recommendation method based on stochastic self-attention and momentum contrastive learning. Stochastic self-
attention is used to alleviate the uncertainty of sequence dynamics, and momentum contrastive learning is used to
mitigate the sampling bias problem in contrastive learning. To validate the performance of the model, experiments
are conducted on three datasets: Beauty; Office, Yelp, and Toys. The results demonstrate that the proposed
method outperforms other baseline models across several metrics, including HR@K and NDCG@ K, indicating
significant improvements in both accuracy and robustness.
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Fig.1 Overall framework of self-supervised sequence recommendation method based on random self-attention

and momentum contrastive learning
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Table 1 Statistical information of different datasets

S S B/ A Py it Bk /4> SCH Bk /A W/ SRl R R BRVS RN
Beauty 22 363 12 101 198 502 0. 05 8.3

Toys 19 412 11 924 167597 0.07 8.6

Office 4 905 2 420 134 476 0. 44 10.8

Yelp 30 431 20 033 316 354 0. 05 10. 3
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Table 2 Performance comparison of different methods

on the Beauty dataset

ik HR@5 HR@10 NDCG@5 NDCG@10
BPR-MF 0.0300  0.0471  0.0189  0.0245
SASRec 0.0416  0.0633  0.0274  0.0343
BERT4Rec 0.0396  0.0595  0.0257  0.0321
CL4SRec 0.0538  0.0726  0.0349  0.041 2
CoSeRec 0.0524  0.0738  0.0351  0.0425
STOSA 0. 050 4 0.070 7 0.0351 0.041 6
Mstein 0.0551  0.0774  0.0392  0.046 3
AR 0.0562  0.0784  0.0399  0.048 8
IR/ % 1.996 0 1.2920 1.786 0 5.400 0
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Table 3 Performance comparison of different methods

on the Toys dataset

Ik HR@5 HR@10 NDCG@5 NDCG@10
BPR-MF 0.030 1 0. 046 0 0.019 4 0.024 5
SASRec 0.055 1 0.079 7 0.037 7 0. 045 6

BERT4Rec 0.0300  0.0466  0.0206  0.0260
CLASRec 0.0617  0.0764  0.0424  0.045 4
CoSeRec 0.0584  0.0791  0.0408  0.047 4
STOSA 0.0577 0.0800  0.0412  0.048 1
Mstein 0.0637  0.0822  0.0457  0.0524
ARSI 0.0648  0.0835  0.0469  0.0540

IR/ % 17270 1.5820  2.6260  3.0530

R4 FREFELE Yelp HiRE LW HRELEER

Table 4 Performance comparison of different methods

on the Yelp dataset

Jiik: HR@5 HR@10 NDCG@5 NDCG@10
BPR-MF 0.0127  0.0216 - 0.0082 0.0111
SASRec 0.016 0 0.0260 /070101  0.0133

BERT4Rec 0.0196  0.0339 00121 0.0167
CLA4SRec 0.0227 0.0884 0.0143  0.019 4
CoSeRec 0.0229 0,039  0.0145  0.0197
STOSA 0.018 2/ 0,030 7 0.0113  0.0153
Mstein 0.0176  0.0296  0.0112  0.0151
AR5k 0.0232  0.0404  0.0151  0.0201

BILR/ % 1.3100 5.2080  4.1380  2.0300
x5 AREFHZELE Office HIBE LHIMERELLE

Table 5 Performance comparison of different methods

on the Office dataset

Pk HR@5  HR@10. NDCG@5 NDCG@10
BPR-MF 0.0214  0.0306  0.0144  0.017 3
SASRec 0.0656  0.0989+ 0.0428  0.053 4

BERT4Rec 0.0485  0.0848  0.0309  0.0426
CLA4SRec 0.0709  0.1091  0.0471  0.059 4
CoSeRec 0.0718  0.1024  0.0483  0.059 8
STOSA 0.0677  0.1021  0.0461  0.057 2

Mstein 0.0740  0.1155  0.0512  0.0627

ES @ihrS 0.0758  0.1184  0.0543  0.067 6

I E/% 2.4320 2.5110  6.0550  7.8150
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Table 6 Ablation experiments
Hmsks ok HR@5 HR@10 NDCG@5 NDCG@10
ARICHEPE 0.0562  0.0784  0.0399  0.048 8
TF 0.0391 0.0625 0.0236 0.0323
Beauty ~ ME 0.0524  0.0687 0.0354  0.042 1
CL 0.0512 0.0763 0.0341 0.0396
WE 0.0518 0.0717 0.0351 0.0416
ARSCHEE 0.0648  0.0835  0.0469  0.054 0
TF 0.0554 0.0797 0.0377  0.046 6
Toys ME 0.0584 0.0803 0.0428  0.049 4
CL 0.0612 0.0764 0.0424  0.045 4
WE 0.056 6 0.0813 0.0412 0.048 1
ARSCHEE 0.0232  0.0404  0.0151  0.0201
TF 0.0154 0.0250 0.0111 0.0134
Yelp ME 0.0225 0.0396 0.0135 0.0199
CL 0.0223 0.0391 0.0140 0.018 2
WE 0.0178 0.0301 0.0112 0.0155
ALK 0.0758  0.1184  0.0543  0.067 6
TF 0.0677 0.0993 0.0428  0.053 4
Office ME 0.0693 0.1011 0.0507  0.063 2
CL 0.0722 0.1088  0.046 4  0.057 9
WE 0.0677 0.1021 0.046 1  0.057 2
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